Abstract: Implementation of precision viticulture techniques requires the use of emerging sensing technologies to assess the vineyard spatial variability. This work shows the capability of multispectral imagery acquired from a remotely piloted aerial system (RPAS), and the derived spectral indices to assess the vegetative, productive, and berry composition spatial variability within a vineyard (Vitis vinifera L.). Multi-spectral imagery of 17 cm spatial resolution was acquired using a RPAS. Classical vegetation spectral indices and two newly defined normalised indices, NVI1 = (R802 − R531)/(R802 + R531) and NVI2 = (R802 − R570)/(R802 + R570), were computed. Their spatial distribution and relationships with grapevine vegetative, yield, and berry composition parameters were studied. Most of the spectral indices and field data varied spatially within the vineyard, as showed through the variogram parameters. While the correlations were significant but moderate among the spectral indices and the field variables, the kappa index showed that the spatial pattern of the spectral indices agreed with that of the vegetative variables (0.38-0.70) and mean cluster weight (0.40). These results proved the utility of the
expected creation of 21,565 jobs. Among the applications of RPAS in viticulture, the assessment of within-vineyard variability stands out [18] , as the spatial and temporal resolutions are key attributes when the goal of the study is monitoring and managing the vineyard [3] .
Most of the remote sensing studies in agriculture are based on the use of spectral indices. These are arithmetical combinations of the original spectral bands captured by the sensor, which reduce the complexity of the dataset [3] and facilitate the analysis of various vegetation parameters that are directly related to their spectral response at given wavelengths. Vegetation indices, like the normalised difference vegetation index (NDVI), have been extensively used to monitor crop status by relating visible and near infrared spectral data with bio-geophysical properties of the vines such as vigour and leaf area [18] . Other spectral indices like the photochemical reflectance index (PRI) combine information from two narrow bands in the visible region to monitor vegetation stress [19] .
The present work aims to show the capability of multispectral imagery acquired from a RPAS, and the derived spectral indices, to assess and map the spatial variability of vegetative and yield components, as well as berry composition in a vineyard (Vitis vinifera L.) for precision viticulture management.
Materials and Methods

Study Area
The study was conducted in a 3.0 ha Tempranillo (Vitis vinifera L.) vineyard located in Navarra, Spain ( Figure 1 ). Grapevines were planted in 2004 in a sandy-clay soil (5% slope towards North), using a 41B rootstock at 2.4 m × 1.6 m (inter-and intra-row) with north-south row orientation. Vines were trained to a vertically shoot-positioned (VSP), spur-pruned cordon retaining 16 nodes per linear meter/vine. Vines were uniformly irrigated twice across the season. 
Field Data Acquisition of Vegetative and Yield Components. Berry Composition Analysis.
A regular grid of 72 sampling points at 20 m intervals was generated within the vineyard using a Leica Zeno 10 GPS (Heerbrug, St. Gallen, Switzerland), with real-time kinematic correction, working at <0.4 m precision. Each sampling point consisted of three adjacent vines (Figure 1b ). Vegetative and yield-related data were measured in the field from all sampling points. As indicators of vine vigour, main and secondary shoot length and pruning weight were measured. Regarding vigour-related variables, main and secondary leaf area per shoot were determined. Secondary shoot length and secondary leaf area per shoot were measured for the three vines included in each sampling point one week prior to the RPAS flight, on 13 September 2011. For each vine, two shoots were randomly chosen and their main shoot length, as well as those of laterals with more than three leaves, were measured using a meter tape [20] . Main and secondary leaf area per shoot were estimated by defoliating each shoot and weighing the leaves with a portable scale of precision ±2 g (Kern and Sohn GmbH, Balingen-Frommern, Germany), using the disc-leaf method by Smart and Robinson [21] . The pruning weight of each vine was manually determined in the field using a hanging scale two months after the flight, on 20 November 2011, prior to vine pruning. Additionally, non-destructive measurement of photosynthetic pigments in plants were obtained on 13 September 2011, using a Multiplex™ (Multiplex 3.0, Force-A, Orsay, France), a handheld fluorescence-based proximal sensor that allows the computation of fluorescence-based indices related to the chlorophyll content in leaves (SFR_RAD) and the nitrogen balance index (NBI_GAD). The Multiplex™ sensor used for this study was a modified version of the device recently described by Ben Ghozlen et al. [22] . Multiplex™ measurements were performed on three main leaves (adaxial side) per sampled vine. From these measurements, the fluorescence indices were calculated as follows:
where FRF_R and FRF_UV refer to the far red fluorescence emission excited by red and UV light, respectively, and RF_R and RF_G refer to red fluorescence excited by red light and green light, respectively [23] . The subscript AD stands for the adaxial side of the leaf. SFR_RAD has been reported as a precise indicator of the chlorophyll content in kiwi leaves [24] and in grapevine leaves [25] , and NBI_GAD has also been shown as a reliable indicator of the nitrogen status of the grapevine [25] . At harvest time (17 October 2011), main yield components, such as cluster number per vine, yield per vine, cluster weight, and berry weight, were determined for each sampled vine. Each plant was manually harvested, their clusters counted and weighed in the vineyard using a hanging scale, and the average cluster weight calculated. Two clusters per vine were then labelled, kept apart and taken to the laboratory of the University of La Rioja in portable refrigerators where they were manually destemmed. Berries from each cluster were weighed (TE3102S, Sartorius, Goettingen, Germany) and counted, and the average berry weight calculated.
To determine berry composition, from the berries corresponding to each vine, a representative subsample of 50 berries was taken and weighted. These berry subsamples were then stored frozen at −20 °C until colour and phenolic analyses. The remaining berries of each vine were pressed and the obtained must was analysed for total soluble solids concentration (TSS) and acidity parameters. TSS (expressed in Brix) was determined using a temperature-compensating digital refractometer (Atago, Tokyo, Japan), while titratable acidity and pH were determined following the OIV methods [26] . Anthocyanins and total phenols were analysed for each berry sub-sample applying the method of Iland et al. [27] . Anthocyanin concentrations were expressed as mg/g of fresh berry mass, whereas total phenols were expressed as absorbance units (AU) at 280 nm/g of fresh berry mass.
For all data collected in the field and relative to berry composition, the values of the three vines per sampling point were averaged and a mean value was then assigned to each sampling location. The vegetative variables, pruning weight, main leaf area and secondary leaf area, and the productive variable, yield, were transformed to surface units (per m 2 ) by dividing them by the vine spacing [28] .
RPAS Multi-Spectral Images
Multi-spectral imagery was acquired with a multi-spectral camera, a mini multiple camera array (MCA 6, Tetracam Inc, Chatsworth, CA, USA) mounted on a RPAS Md4-1000 (Microdrones GmbH, Siegen, Germany) on 20 September 2011 ( Figure 2 ). The RPAS Md4-1000 is a quadrotor able to carry 1.2 kg of payload mass and able to fly up to 88 minutes, with vertical take-off and landing. The camera consisted of six independent image sensors and optics with user-configurable filters. Image resolution was 1280 × 1024 pixels with 10-bit radiometric resolution and optics focal length of 9.6 mm. For this study, the camera was equipped with six 25 mm-diameter bandpass filters of 10 nm full-width at half-maximum (FWHM) (Andover Corporation, NH, U.S.), with centre wavelengths at 531, 551, 570, 672, 701, and 802 nm, and bandwidth of ±9.31, 10.13, 9.29, 9.82, 9.47, and 10.11 nm, respectively. The wavebands were selected in order to obtain the spectral bands required for the calculation of the spectral indices commonly used in agriculture, and, specifically, viticulture-related literature. The RPAS flew at 250 m height and allowed capturing images with a spatial resolution of 17 cm. Images were taken at noon, between 11:15 a.m. and 12:15 p.m., under stable weather conditions and clear sky (mean wind velocity of 1.39 m/s). At this time, grape berries were at the half-way point of their ripening process. A total of 6 scenes were acquired (with an overlapping area of 60%) in order to monitor the whole vineyard plot lengthwise. Each image covered a ground surface of approximately 200 × 165 m. It was able to cover the whole plot with one flight due to the reduced extension of the vineyard, the flying height, and the camera weight (700 g), which allowed the RPAS to have enough flight operational time.
Image Processing
From the 6 overlapping images obtained with the multi-spectral camera, two scenes that covered the whole vineyard plot were selected for the present study. An initial pre-processing of the images acquired with the Mini MCA camera was carried out using its companion application Pixel Wrench 2 (PW2), written and copyrighted by Tetracam Inc., to produce multi-page Tagged Image Format (TIF) files. As the multi-spectral camera uses six different lenses (one for each spectral band), it is necessary to confirm that the bands are aligned among them. Band alignment is important to ensure consistent spectral information, but when this correction is carried out by PW2, it turns out to be insufficient according to Laliberte et al. [29] . In agreement with these findings, the results of the inter-band alignment performed with PW2 showed substantial errors in this study and, therefore, it was decided to skip the alignment processed included in PW2 by setting a null aligning matrix and carry out a specific correction. Band alignment was performed by applying the Fine Registration algorithm of the Orfeo Toolbox [30] by using a reference band (band 2). This process calculates the local shifts in the x and y directions that result in the best local correlation between the band to be processed and the reference band, and creates a deformation field that is subsequently applied to the band to be processed. After a set of tests with a range of radii, the local windows to explore and calculate correlations were set to 5 × 5 pixels for bands 1, 3 and 4, and 7 × 7 pixels for bands 5 and 6. In addition, as the displacement with respect to the reference band was larger for bands 5 and 6, a rigid translation was applied in both x and y directions prior to the fine registration processing for these two bands.
Once the band alignment corrections were completed, the images were georeferenced to allow for the correlation of image data with field measurements. This was done by using cartographic co-ordinates from eight reference targets (white discs of 30 cm of diameter) located at the boundaries of the vineyard plot. Those targets had been georeferenced in the field during image acquisition using a Leica Zeno 10 Global Positioning System (GPS) (Heerbrug, St. Gallen, Switzerland). An orthophoto of the area of study provided by the Spanish National Program of Aerial Ortophotography (PNOA) with 25 cm spatial resolution was complementarily used to identify 45 ground control points in each scene. These points were evenly distributed over the image area including the borders, where displacement errors were higher because of the larger distance from the image nadir. A second degree polynomial function was applied using a bilinear resampling method to render the geometrically corrected image. Image georeferencing was carried out with an accuracy of 0.62 and 0.35 m (root mean squared error). Interactive location of ground control points, polynomial fit, and interpolation were performed using ENVI 4.8 (Exelis, McLean, VA, USA).
Radiometric calibration was performed using an image of a white calibration panel that was acquired from the ground with the mini MCA (at a distance about 1.5 m) prior to the flight. A reflectance spectrum of the same panel was measured at the Environmental Remote Sensing and Spectroscopy Laboratory (SpecLab) using an ASDFieldSpec 3 spectroradiometer (ASD Inc., Boulder, CO, USA). Image DN (Digital Numbers) from the calibration panel measured in the field were averaged for each band to calculate the observed reference DN spectrum. The reflectance spectrum measured in the laboratory was integrated to calculate the theoretical reflectance values of the panel for each mini MCA band using the transmission curves of the filters (www.andovercorp.com). A vector of factors was computed to transform the observed DN spectrum of the image into the modelled reflectance spectrum. These factors were then applied to each band of the image in order to obtain calibrated reflectance for each image pixel. Images were calibrated to apparent reflectance, i.e., reflectance as if the camera had been operated at 1.5 m. Atmospheric correction was not performed, but as the area was small and the atmospheric conditions very clear, the uniform atmospheric effect eventually present in the indices was taken into account by the linear models between indices and field data. The radiometric calibration operations were conducted by means of specific functions written in R Core Team [31] and using packages rgdal [32] and raster [33] .
The next step was the spatial assembly of the images to build the final mosaic, so the whole vineyard plot fit within a single image file. The mosaicking process was performed using ENVI (Exelis Visual Information Solutions, Inc, Boulder, CO, USA) software by combining the two scenes that included the whole vineyard. We assigned, as base image, the scene that covered most of the plot, so the colour balance in the second image was carried out to match the base image by using histogram matching. A distance of 40 pixels was set to blend the two images.
Using the corrected image mosaic, a total of 11 spectral indices, selected from the literature as being the most commonly used to characterise vegetation status, were calculated (Table 1 [ [34] [35] [36] [37] [38] [39] [40] [41] [42] ). These indices have been proposed to estimate a wide variety of vegetation properties including pigment contents, leaf area index, plant health status, nutrient stress, etc., and some of them have been widely used in precision viticulture. Some indices specially designed to minimize the effects of soil background on the vegetation signal as the OSAVI and MSAVI were also included in the analysis.
In addition to these indices, a set of normalised indices were calculated as all possible-combinations between every image band, following the equation:
Statistical Analysis
With the aim of establishing an empirical relationship between image data and field measurements, image pixels corresponding to the 72 sampling points were identified. For each sampling point, the two most centred pixels (6 pixels per point) were selected. Image values were extracted from those pixels, the spectral indices were computed and averaged per sampling point for each band. Prior to the statistical analysis, the data were pre-processed in order to detect potential outliers.
Descriptive statistics were computed for all variables (mean, minimum, maximum, standard deviation and coefficient of variation), as well as the spread (Equation (4)), expressed in percentage, as an indicator of the variability in the sample [43] .
To characterise the spatial variability of the various parameters within the vineyard, variograms for the variables were calculated by the R package "gstat" [44] . The parameters of the variograms were also used to interpolate all the variables, using kriging techniques.
Finally, to quantify the agreement between the maps obtained from the spectral indices and the ones derived from field variables, all the maps were classified in three zones corresponding to low, medium, and high values applying an iso-cluster unsupervised classification. Cross tabulation of the resulted classified maps between the spectral indices and the in-field variables was performed to measure the stability in the spatial patterns using the Kappa index following the equation proposed by Hudson and Ramm [45] . Statistical and spatial analysis were carried out using Microsoft Office Excel 2013 (Microsoft Corporation, Washington, USA), Statistica 9.0 (Stat Soft, Inc., Tulsa, OK, USA), and ArcGIS Desktop 10.3 (ESRI, Redlands, CA, USA). 
Results and Discussion
Spatial Variability of Spectral Indices, Field Variables, and Berry Composition
Spectral indices selected from literature (Table 1 ) and the normalised indices (Equation (3)) were correlated with field (ground truth) data in order to exclude from further analysis those indices that exhibited weak or not significant correlations. As a result, correlations with a Pearson coefficient, "r", smaller than 0.35 in absolute value were discarded. Furthermore, the spectral indices with a high correlation coefficient were also discarded to avoid redundant information. The spectral indices that showed the lowest correlation were MTV1 or RDVI, which yielded mean correlation coefficients with in-field variables of around 0.2. The indices finally selected for further analysis were NDVI and G. Two indices from the group of normalised indices were also selected, which were named as Normalised Vegetation Index 1, NVI1 (R802 − R531/R802 + R531), and Normalised Vegetation Index 2, NVI2 (R802 − R570/R802 + R570), both resulting from the combination between NIR and green reflectance values, similar to the Green NDVI proposed by Gitelson et al. [46] .
Descriptive statistics of the spectral indices and field variables are reported in Table 2 . As it can be observed, most of them exhibited considerable variability within the vineyard. On the basis of coefficient of variation (CV) and Spread parameters, secondary shoot length and secondary leaf area were, by far, the field variables showing the largest variability (CV = 80%, Spread > 370%), followed by yield per vine (CV = 57%, Spread = 280%), and number of clusters per vine (CV = 51%, Spread = 250%). These values were similar to those observed by Baluja et al. [47] in Tempranillo in La Rioja (Spain) and by Bramley and Lamb [48] and Bramley and Hamilton [49] in Australia, in other varieties. The fluorescence index indicative of leaf chlorophyll content (SFR_RAD), the normalised indices NVI1 and NVI2, berry weight, pH, TSS, and titratable acidity showed a CV smaller than 10%. NBI has been described as a good indicator of the nitrogen status of grapevine leaves [24, 50, 51] . Its calculation depends on the concentration of flavonoids and chlorophyll in the leaf, so its variability must be higher than that of chlorophyll and flavonoids alone [51] . Furthermore, the presence of water deficit due to very warm temperatures (the average of the month mean temperatures during the study year exceeded between 1.5 °C and 3.2 °C the value of the average of the historical series mean temperatures) and dryness (total rainfall from July to September was 30.9% of average historical rainfall in this period) as reported by the Navarra Government's meteorological station of Estella, may have induced a weak mineralization of soil nitrogen, which in turn led to nitrogen deficiency on the leaves of the vines in some areas of the vineyard, hence contributing to the large variability observed for the NBI_GAD index.
All of the experimental variograms of the variables studied were fitted to a Spherical or Gaussian model, with the exception of yield per vine and the anthocyanin concentration, which showed an absence of spatial structure as also found by Cerovic et al. [52] . The range of the variogram is the distance at which the sill (maximum semivariance) is achieved and indicates whether the samples are spatially dependent (samples separated by distances closer than the range) or spatially independent (samples separated by distances larger than the range) [53] . The range value was variable for all parameters studied (Table 2) . Main leaf area, main shoot length, pH, and titratable acidity showed a range around 125 m. The spectral index, G, was the variable with the highest range value (202 m). The lowest values of the range (from 38 to 65 m), that is the lowest distance of spatial dependence, were found for the fluorescence index related to leaf chlorophyll content, the vegetative variable pruning weight, the two normalised spectral indices NVI1 and NVI2, for berry weight, and for total phenols. Specifically, the range obtained for the pruning weight agrees with the one reported by Taylor and Bates [54] for the case of 3-vines-aggregation. Furthermore, the nugget effect, which is the discontinuity at the origin of the variogram (unexplained variance) usually related to the variability at distances lower than the sampling grid, yielded, in general, values higher than 25% of the total variance. This indicates a moderate spatial dependence [55] with the exception of the normalized indices NVI1 and NVI2, with strong spatial dependence. The range and percentage of nugget for the main shoot length was similar to that obtained by Baluja et al. [47] . Cerovic et al. [52] also reported a similar value of percentage of nugget for the NBI_GAD and for cluster number per vine. Table 2 . Descriptive statistics and variogram components for spectral indices (NDVI, G, NVI1, and NVI2), vegetative parameters (pruning weight, main shoot length, secondary shoot length, main leaf area per shoot, and secondary leaf area per shoot), fluorescence-based indices of nitrogen balance index (NBI_GAD), and chlorophyll content in leaves (SFR_RAD) for yield parameters (cluster number per vine, cluster weight, yield per vine, and berry weight) and for grape composition variables (pH, total soluble solids, titratable acidity, anthocyanins, and total phenols) in a Tempranillo (Vitis vinifera L.) vineyard. SD: standard deviation; CV: coefficient of variation; % Nugget = (nugget/(sill + nugget)) × 100. AU: absorbance units.
Correlation Analysis between Spectral Indices, Field Variables, and Berry Composition
The relationships between the spectral indices with the field variables related to the vegetative status and the yield of the vineyard were first explored by the computation of the Pearson correlation coefficients ( Table 3 ). The strength of the correlations was found to be variable, with "r" values ranging from 0.32 to 0.69, for p-value < 0.01, in agreement with those reported by other authors [47, [56] [57] [58] [59] .
In general, for the vegetative variables, the best performance was observed for the normalised spectral indices, NVI1 and NVI2, with coefficient values higher than 0.5. From all the vegetative variables studied, pruning weight exhibited the highest "r" values, although quite similar to those for shoot length and leaf area parameters. Other authors [47, 57, 59] have also shown significant correlations between vegetation indices, such as the NDVI and pruning weight. Regarding the fluorescence-based indices, low to moderate positive correlations were observed between the spectral indices NVI1 and NVI2 with leaf chlorophyll content (SFR_RAD) and nitrogen status (NBI_GAD).
Regarding the yield variables, while the number of clusters and the yield did not show any significant correlation with the spectral indices, mean berry weight and mean cluster weight were significantly correlated with all the spectral indices. The strong positive correlation (r = 0.90) between yield per vine and the number of clusters per plant (Table 2) , together with the lack of significance with cluster weight and very poor (r = 0.35) with berry weight, suggest that the number of clusters per vine was the key component in determining the final grape production per plant, at the expense of average berry and cluster weight. This is an interesting outcome, as the number of clusters per vine is directly impacted by bud fertility, which is determined at the flowering period in the previous season [60] (May-June 2010). The weather conditions in Spring 2010 at the vineyard of study (data from Navarra Government's meteorological station of Estella) were characterised by intense rainfall (94.9% of average historical rainfall in these two months), low radiation, and cooler temperatures than mean historical values for this area (−1.9 °C in May and −0.6 °C in June), as shown above. These adverse conditions may have imparted stronger differences in bud fertility among the grapevines within the vineyard of study, leading to the greater variability described for the number of clusters per vine and the critical role of this yield component in final yield per vine. It may also explain the lack of significance of the correlations between yield and the vigour spectral indices derived from RPAS imagery, as the time period mainly influencing yield was Spring 2010, while Spring-Summer 2011 determined grapevine vigour. Table 3 . Pearson correlation coefficients (for p-value < 0.01) for vegetative parameters (pruning weight, main shoot length, secondary shoot length, main leaf area per shoot, secondary leaf area per shoot, nitrogen status -NBI_GAD-, and chlorophyll content in leaves -SFR_RAD-), yield parameters (cluster number per vine, cluster weight, yield per vine, and berry weight) and grape composition variables (pH, total soluble solids, titratable acidity, anthocyanins, and total phenols) with spectral indices (NDVI, G, NVI1, and NVI2) in a Tempranillo (Vitis vinifera L.) On the other side, grape composition variables were found to be non significantly correlated with the spectral indices. This was an expected result, as the RPAS is getting information from the vegetative part of the plant, so the relationship between the multispectral images of the zenithal view of grapevine's canopy vegetation with the fruit (on the lateral side of the canopy and not always completely exposed to sunlight) is likely to be indirect and poor. Other authors have also found non significant correlations with berry composition parameters or significant, but very moderate correlations [47, 56] that are dependent on the vintage and the time of the season in which measurements were carried out [58] .
Mapping and Spatial Agreement between Spectral Indices and Field Variables
The mapping of the spectral indices has revealed the existence of spatial variability within the vineyard (Figure 3 ) regarding its vegetative and productive status. Classical indices such as NDVI or G exhibited maximum and minimum values at the East and West sides of the vineyard, respectively; while the two normalized indices, NVI1 and NVI2, placed the minimum values at the centre of the plot. Among yield parameters, only cluster weight exhibited a similar spatial pattern to that of vegetative variables and spectral indices ( Figure 5 ). The clusters weighted more on the East side of the plot than in the centre and West sides of the plot, which corresponds, partially, with the spatial pattern of the new normalized indices, NVI1 and NVI2 (Figure 3) , the pruning weight, and the nitrogen status of the vineyard (Figure 4) . On the contrary, grapevines of the West part of the vineyard were found to be more productive in terms of yield per vine and number of clusters per vine, and less productive on the East side of the plot ( Figure 5 ). High leaf area values do not always result in increased yield outputs as may occur in other crops such as cereals. In grapevines, yield is also related to the exposed leaf area (ELA), not only to total leaf area. As total leaf area increases, in Vertical Shoot Positioned systems, ELA reaches a point at which it cannot continue increasing, so the leaves that are not exposed may become a sink for the nutrients and energy of the plant competing with the clusters for these resources [61] . The lack of coincidence between areas of the vineyard, as the larger values of cluster number and yield per vine were in the East side of the plot while the larger values for the vigour spectral indices were in the West side (Figures 3 and 5) , might also be explained by the weather conditions in Spring 2010, as explained before. Figure 6 ). Consequently, titratable acidity showed the opposite behaviour, with higher values on the West side and lower on the East side, as the spectral index G (Figure 3) . The anthocyanin concentration has showed a random pattern across the plot, while total phenols yielded the lowest values at the centre of the plot (Figure 6 ), increasing toward the sides, similar to the spatial pattern of NVI1 and NVI2 (Figure 3) .
The visual match of the spatial patterns between the spectral indices and the in-field variables and berry composition was quantitatively assessed by carrying out a cross-tabulation and the computation of the kappa index from each variable 3-cluster-map. Table 4 shows the kappa index value for the cross-tabulation between the spectral indices and the in-field and berry composition variables. The kappa index yielded values ranging from -0.27 to 0.70, that is, from poor to substantial agreement, following the classification proposed by Landis and Koch [62] . Table 4 . Cross-tabulation outputs and kappa index obtained for the classified maps of spectral indices (NDVI, G, NVI1, and NVI2), vegetative parameters (pruning weight, main shoot length, secondary shoot length, main leaf area per shoot, and secondary leaf area per shoot), fluorescence-based indices of nitrogen balance index (NBI_GAD) and chlorophyll content in leaves (SFR_RAD) for yield parameters (cluster number per vine, cluster weight, yield per vine, and berry weight) and for grape composition variables (pH, total soluble solids, titratable acidity, anthocyanins, and total phenols) in a Tempranillo (Vitis vinifera L.) vineyard. These results show that, spatially speaking, the classical index G was the one showing a spatial pattern that best agreed with the spatial pattern of the vegetative variables, especially those regarding shoot length and leaf area, with values ranging from 0.59 for secondary shoot length (moderate agreement) to 0.70 for main leaf area (substantial agreement). Pruning weight, leaf chlorophyll content, and nitrogen status better concurred with the normalized index NVI1, yielding a fair agreement (0.40). On the other hand, regarding the productive and berry composition variables, mean cluster weight and pH showed the highest kappa index values, especially with the normalized index NVI2 and G, respectively (0.40 and 0.35, fair agreement), while cluster number, yield, mean berry weight, pH, total soluble solids, titratable acidity, anthocyanins, and total phenols showed the lowest kappa coefficients with values indicating poor or slight agreement with the spectral indices, confirming the poor correlations observed.
The match of the spatial patterns is showing that, in general, the spectral indices derived from the multispectral images taken from a RPAS are useful tools for the grape-grower to manage the spatial variability of the vineyards. These indices seem to be more reliable for the management of the vegetative variables than for the productive and grape composition parameters, which is in agreement with the fact that the multispectral camera is retrieving the data from an overhead point of view, that is, from the canopy, not "seeing" the productive part of the grapevines located below the canopy. Therefore, while the multispectral sensor is directly sensing the vegetative component of the vineyard, the relation with the productive component of the vineyard remains indirect. Moreover, depending on the meteorological conditions in the season, more vigorous subareas of a vineyard plot may exhibit a higher water demand than less vigorous plants in a dry year, experiencing water stress that may jeopardize both grape yield and composition, while in cooler and less dry seasons, higher yield values are expected in vigorous plants.
In summary, the spectral indices obtained from the multispectral images captured from a RPAS have been shown to significantly correlate with the vegetative variables and some of the yield variables. Two newly defined spectral indices have also been provided that have shown the best correlations with important vegetative variables such as pruning weight, nitrogen status, or leaf chlorophyll content. The classical methods for the measurement of vegetative and yield parameters are laborious and generally destructive. Therefore, the spectral indices could be a useful tool to estimate these variables of interest in a fast and non-destructive way, at a time earlier than they could be assessed by the classical methods. Furthermore, multispectral images and their derived spectral indices provide the end-user with a continuous surface of data from the vineyard with high spatial resolution; that is, a large database that makes it possible to take into account the spatial variability of the vineyard status. This fact makes it operationally feasible to carry out a segmentation of the vineyard in 2 or 3 homogeneous management zones. In addition, compared to other remote sensing platforms, RPAS provide the grape-grower not only with higher spatial resolution, but also with higher flexibility to monitor their vineyards, especially the small vineyards prevailing in Europe (average vineyard size is less than 5 ha). Another important factor for the grape-grower that has not been profusely addressed in literature is the cost of applying remote sensing technologies. A very interesting paper has recently been published by Matese et al. [14] in which the authors carry out a cost comparison among three different remote sensing platforms: satellite, aircraft, and RPAS. Their results have shown that, for small surfaces (5 ha), as in the present work, the use of RPAS is the most cost-effective solution due to the lowest acquisition costs [14] . The situation changes with a higher surface of study (50 ha), as more images are needed to cover it, increasing the costs of acquisition, preprocessing, and analysis of these images. In this case, the satellite would be a more cost-effective choice, as it is able to cover a high surface with one image, decreasing the subsequent costs. To summarize, as shown by Matese et al. [14] , each technology has technological, operational, and economic advantages and disadvantages and must be selected according to the work planned. In this study, some inconveniences regarding the operational factors of the flight were revealed. Despite greater independence and flexibility of RPAS systems, one of their disadvantages is that they are significantly affected by the wind, even by light wind, generating movements of the platform that were reflected in the images as geometric distortions. In addition, a lower flying height would result in a higher spatial resolution of the images, which should reduce the problem of the spectral mixture, providing pure vine pixels. These facts may lead to improved correlations between spectral indices and in-field variables.
Our results have shown that the three sub-zones delineated in the vineyard based on the spectral indices agreed with key vegetative parameters such as pruning weight, main leaf area, or main shoot length, and even with yield parameters such as mean cluster weight. It has been explored here by the application of kappa index, a common index usually used to assess land cover changes [63] that has proven very useful in assessing the agreement between the subareas delineated with spectral indices and the in-field variables. These variables have been proven to be temporally stable [49, 64] , so it could be useful to carry out vegetative management actions such as fertilisation, soil farming (i.e., inter-row cover cropping to limit the plant vigour in very vigorous subareas) and winter pruning in the following years. Furthermore, the possibility of customizing the filter selection for the multispectral camera may allow for collection of data in the shortwave infrared region of the spectrum if filters within this region are chosen, which could provide relevant information on the plant water status and could also provide interesting data regarding yield [65] . In this work, these new technologies made it possible to delineate three subzones of homogenous vegetative status within the vineyard, where the grape-grower could define its requirements and apply the appropriate inputs (water, nitrogen, etc.) or management practices for each subzone-that is, the implementation of precision viticulture techniques in the vineyard.
Conclusions
The results presented in this study confirm the potential of multi-sensor RPAS systems for the assessment of the spatial variability of the vineyard vegetative and productive status in precision viticulture. The two developed vegetation spectral indices, NVI1 and NVI2, were those best correlated with field vegetative parameters measured in sampling plots.
Moreover, the kappa index has shown that the spatial pattern of the spectral indices agreed with that of the vegetative and some of the productive variables measured in the vineyard. In this case, the classical spectral index G was the one showing the highest spatial agreement with the vegetative variables. The spectral indices enabled the delineation of three sub-zones of homogeneous management, within the frame of precision viticulture, to optimize the management of inputs (water, nitrogen, etc.), soil management, and winter pruning.
These results are a very important outcome because they proved that the use of a multispectral sensor mounted on a RPAS could become a reliable tool for the grape-growing industry to manage the spatial variability within the vineyard. The possibility of acquiring "on-demand" low-cost images with unprecedented high spatial resolution will certainly promote its operational application to vineyard management in order to improve crop productivity and sustainability.
